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ABSTRACT

Hardware acceleration is becoming increasingly critical for spa-

tial databases, as their workloads are geometrically complex, data-

intensive, and subject to growing real-time requirements. Building

on our prior evidence that Ray Tracing (RT) cores can signi�cantly

accelerate spatial queries through dedicated hardware support, this

paper presents RayBooster , the �rst solution that incorporates RT-

core acceleration into a production-grade geospatial database sys-

tem, Apache SedonaDB. Our approach delivers substantial per-

formance improvements cost-e�ectively, focusing on spatial joins,

which dominate execution time in spatial databases. To enable this

integration, we bridge the mismatch between spatial query engines

and RT hardware through three key systematic designs. First, to

overcome the lack of random access in Well-Known Binary format,

we design a GPU-optimized Structure of Arrays storage layout.

Second, we eliminate indexing bottlenecks by constructing a mono-

lithic Bounding Volume Hierarchy tree that encodes geometry IDs

into the Z-axis, bypassing micro-index overhead. Third, to manage

the diverse geometry types, our uni�ed RelateEngine utilizes RT

cores to compute the Dimensionally Extended 9-Intersection Model

as a universal topological descriptor. Furthermore, we implement a

memory-aware execution strategy to mitigate out-of-memory fail-

ures through robust resource management. Seamlessly integrated

as an extension to SedonaDB, RayBooster delivers up to a 5.93×

performance speedup on SpatialBench and provides a 59.02% re-

duction in operational costs, e�ectively transforming these idle RT

units into an e�cient engine for spatial analytics.
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1 INTRODUCTION

The volume of geospatial data has grown exponentially with the

widespread adoption of GPS-enabled devices, satellites, and auto-

mated driving systems, making large-scale spatial data analysis an

increasingly urgent requirement [13, 78, 82]. To address this big-

data challenge, researchers have developed a new spatial analytics

ecosystem characterized by large-scale computing and storage ca-

pacity, high scalability, compatibility with low-cost commodity

clusters. A representative early example of this e�ort is HadoopGIS

[1]. Consequently, most modern OLAP databases adopt this “scale-

out” design principle, processing data in batches to exploit massive

parallelism across clusters. Following this paradigm with e�orts

from both academia and industry, the most widely used spatial

database, Apache Sedona [74, 75], has been developed.

While distributed spatial systems e�ectively address rapidly

growing data volumes, issues remain in processing complex ge-

ometries and meeting real-time interactive query requirements.

These system-heavy databases are often ill-suited for agile analyt-

ics, where users iteratively modify SQL queries to explore data. In

addition, they incur high end-to-end latency. For example, provi-

sioning a distributed Apache Sedona cluster involves substantial

deployment e�ort, machine costs, and inter-node communication

overhead. Therefore, these systems are most cost-e�ective for mas-

sive datasets without strict low-latency requirements.

For spatial data processing with fast-response requirements, an

alternative ecosystem has emerged based on single-node analytical

engines running on powerful servers and following a “scale-up”

paradigm. Research and development on these single-node engines

has grown rapidly, enabling a wide range of applications [34, 50].

Representative systems include DataFusion [35], DuckDB [34, 55],

GeoPandas [66], and Apache SedonaDB [3]. These systems have de-

mocratized access to OLAP capabilities by enabling interactive data

exploration and visualization on local laptops and workstations.

However, this promise of “local interactivity” often breaks down

due to a single machine’s limited computational power. For ex-

ample, spatial joins remain slow on CPUs [1, 28], causing queries

over medium-sized datasets to stall for minutes or hours [2]. Such

latency disrupts the interactive feedback loop and forces data sci-

entists into costly waiting cycles. Spatial joins typically use a two-

phase strategy: a �ltering phase leveraging spatial indexes (e.g.,

R-tree [7, 11, 23]) to prune non-overlapping geometries, followed

by a re�nement phase evaluating geometric predicates [14] on the
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intersecting geometry pairs. Due to the limited capability of a single

node, both stages may become performance bottlenecks.

In fact, a highly e�ective hardware accelerator for single-node

spatial engines already sits on users’ desks: Ray Tracing (RT) cores,

widely available in modern consumer laptops and workstations

[9]. During SQL execution, these cores remain idle because exist-

ing software stacks do not use them. Prior research demonstrates

RT cores’ potential to accelerate spatial workloads [18, 19, 45, 83].

However, no industrial-grade product yet exploits this capability.

This gap motivates our to integrate RT-core acceleration directly

into the production-quality SedonaDB engine, aiming to eliminate

the “waiting game” in local spatial analytics.

While the algorithmic potential of RT cores for accelerating

individual execution phases has been demonstrated in prototype

systems and micro-benchmarks [18, 19, 62, 73], incorporating these

techniques into a robust production engine introduces a distinct

set of systematic challenges for us to address:

• Data Format Mismatch. SedonaDB relies on the Well-

Known Binary (WKB) format to maintain compatibility

with data sources in GeoParquet [51] and computational

geometry libraries like GEOS [22]. While WKB is ideal

for compact serialization, its stream-oriented structure pre-

vents the random geometry access required bymassive GPU

parallelism. E�cient re�nement requires a GPU-native for-

mat that supports random access to arbitrary geometry.

• Indexing Scalability. Handling complex geometries dur-

ing re�nement typically requires �ne-grained indexing (e.g.,

building an index for every polygon). Constructing and stor-

ing millions of micro-indexes on the GPU is prohibitive due

to memory allocation overhead and the high latency of

host-device synchronization.

• Combinatorial Complexity. The WKB format supports

diverse geometry types (Point, LineString, Polygon, and

Multi-variants). Considering both sides of the join, coupled

with various predicates (e.g., ST_Contains). Hardcoding

GPU kernels for hundreds of geometry-predicate combina-

tions is unmaintainable and operationally infeasible.

• Memory Management. The physical execution plan in

SedonaDB processes many partitions in parallel. Without

strict resource awareness, this aggressive scheduling often

disregards GPUmemory quotas, leading to frequent Out-Of-

Memory (OOM) failures when scaling to industrial datasets.

In addition, spatial joins involve many temporary device

memory allocations, which can make “small joins” even

slower than CPU-based joins due to the allocation overhead.

To bridge the data format gap, we introduce a GPU-optimized stor-

age format based on a Structure of Arrays (SoA) design. By segre-

gating o�sets, vertices, and geometry types, this format compactly

represents an array of geometries while enabling high-throughput

random access. To resolve the indexing scalability barrier, we de-

sign a monolithic BVH construction schema. Instead of managing

millions of small indexes, we arrange geometries on a 2D plane

and encode geometry IDs into the unused Z-axis of the hardware-

accelerated Bounding Volume Hierarchy (BVH). This novel map-

ping allows us to build a single, global index that saturates GPU

resources without frequent host interaction.

To tame the combinatorial complexity, we introduce a uni�ed

RT-based RelateEngine. Rather than implementing ad-hoc kernels

for every combination, this engine utilizes RT cores to compute the

Dimensionally Extended Nine-Intersection Matrix (DE-9IM). This

matrix serves as a universal topological descriptor, allowing a single

optimized engine to resolve arbitrary geometry types and predi-

cates. Finally, we adopt asynchronous memory allocation to reduce

the allocation overhead and implement a memory-aware execution

strategy that dynamically monitors available device memory and

orchestrates chunk executions to prevent OOM errors.

We have developed an RT accelerated spatial join engine, called

RayBooster , making the following contributions.

(1) System Integration: We provide the �rst integration of

RT-core acceleration into a production database system,

accelerating both �lter and re�nement phases.

(2) RT-based RelateEngine: We introduce a uni�ed evalu-

ation engine that computes DE-9IM using RT cores, sup-

porting any combination of geometry types and spatial

predicates with a single code path.

(3) Robust Execution: RayBooster reuses SedonaDB’s

memory-aware scheduling that ensures the completion of

queries under a given memory budget while aiming to

high-performance. An asynchronous memory allocation

strategy is also used to reduce synchronization overhead.

(4) Performance & Cost: We demonstrate that our approach

achieves up to 5.93× speedup over SedonaDB on Spatial-

Bench (§8.2) while reducing 59.02% operational cost, o�er-

ing a cost-e�ective solution for industrial spatial analytics.

2 BACKGROUND

2.1 Apache SedonaDB

SedonaDB is an OLAP engine designed for the high-performance

analysis of spatial datasets that �t within a single node. Additionally,

its architecture is not limited to a single machine. At Wherobots,

it serves as the foundation of our next-generation WherobotDB

production runtime. To handle distributed workloads, an inter-

nal project called SedonaGlue orchestrates multiple SedonaDB in-

stances across a cluster. The speci�c mechanics of this orchestration

fall outside the scope of this paper.

SedonaDB is implemented in Rust and built on Apache Data-

Fusion [35], which provides an extensible query planner and a

vectorized execution engine to treat geospatial operations as �rst-

class citizens. Figure 1 shows the architecture of SedonaDB.

Columnar In-Memory Datasets. SedonaDB adopts Apache

Arrow as its in-memory storage format. While conventional spa-

tial databases (e.g., PostGIS, DuckDB) store geometries as opaque

BLOBs, incurring signi�cant memory copy, serialization, and dese-

rialization (SerDe) overhead. SedonaDB achieves zero SerDe cost

by storing geometries as WKBs in Arrow binary arrays. This en-

ables zero-copy data access and allows Arrow’s computing kernels

to exploit SIMD capabilities on modern CPUs to accelerate data

manipulation. The storage layer also maintains spatial statistics

(e.g., global bounding box, feature/point counts) to guide query op-

timization. SedonaDB also tracks the Coordinate Reference System

(CRS) throughout the query lifecycle, ensuring data integrity by

preventing operations on mismatched units or projections.



Figure 1: Architecture of Apache SedonaDB

Query Planning and Spatial Join. SedonaDB implements a

logical optimization rule that pushes spatial predicates into uncon-

strained join nodes, transforming Cartesian products into spatial

theta-joins. This structural rewrite ensures the physical planner

identi�es the operation as an index-supported execution. The spa-

tial join follows the build-probe paradigm. The build phase materi-

alizes the smaller relation to construct an in-memory spatial index,

such as an R-tree. The probe phase then streams the larger relation,

querying this index via Minimum Bounding Rectangles (MBRs) to

identify intersecting candidate pairs. This lookup constitutes the

�lter stage, a major performance bottleneck due to the massive

volume of random memory accesses during tree traversal, as our

subsequent experiments show that this stage can account for more

than 30% of the spatial join execution time (§8.5).

Execution then proceeds to the re�nement stage, where geomet-

ric computations apply a spatial predicate to them. In SedonaDB,

this task is delegated to high-performance computational geometry

backends [6, 22]. With the WKB format, the engine eliminates the

serialization overhead incurred when crossing library boundaries.

This modularity ensures interoperability and allows the selection of

the most e�cient backend per data distribution. Based on storage-

layer geospatial statistics, SedonaDB’s cost-based optimizer may

construct a feature-level index on either side to accelerate re�ne-

ment for complex geometries. Finally, the re�ned candidate pair

IDs are passed downstream to produce the query results. Deter-

mining the exact spatial relationship [12] often requires exhaustive

comparisons of line segments, imposing a heavy computational

load on processing complex geometries. In §8.5, we show that all

queries take more than 60% time on the re�nement stage.

Interfaces and Query Processing SedonaDB integrates with

DataFusion by exploiting DataFusion’s extensible optimizer API.

In SedonaDB, geospatial functions (e.g., ST_Intersects) are reg-

istered as User-de�ned Functions (UDFs) within the DataFusion

context. This allows the SQL parser to recognize spatial functions

while maintaining compatibility with the standard SQL. SedonaDB

supports both spatial join with relation predicates and KNN join. In

addition, SedonaDB also provides interfaces for other programming

languages for interoperability, including Rust, Python, and R.

PerformanceWe use SpatialBench (§8.2) to compare SedonaDB

against PostGIS, DuckDB, and GeoPandas on an AWS m7i.2xlarge

instance. We focus on spatial relational joins: low-latency queries

(Q2–Q6) and heavy joins (Q9–Q11). While Figure 2(a) shows Post-

GIS has competitive execution times, its signi�cant index-building

overhead negates this advantage for low-latency queries. DuckDB

and SedonaDB achieve similar low-latency performance, whereas

GeoPandas struggles at larger scales due to a lack of query opti-

mization and multi-core underutilization. By contrast, DuckDB and

SedonaDB leverage columnar layouts, vectorized execution, multi-

core parallelism, and query optimization to achieve strong perfor-

mance. SedonaDB excels on the intersection-over-union metric in

Q9. For heavy joins (Q10–Q11), SedonaDB consistently delivers

strong results, aided by an adaptive strategy that selects the best

partition-level algorithm based on spatial statistics. Meanwhile,

DuckDB encounters scaling issues on Q10 that hinder interactive

processing, and it fails to complete Q11 within an hour. Figure 2(b)

shows that on large-scale datasets, SedonaDB is the only system

capable of completing all queries.

Figure 2: Performance comparison with SpatialBench.

2.2 Ray-tracing and RT cores
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Figure 3: (a) and (b) illustrate the de�nition of the ray and the

cases of ray-AABB intersection test; (c) illustrates the point

query with short ray; (d) range query with digonal rays

Ray tracing simulates light transport by tracing rays for photore-

alistic rendering. Historically computationally prohibitive for real-

time applications due to massive ray-geometry intersection calcu-

lations, this changed when NVIDIA introduced RT cores [9]. These



�xed-function hardware units accelerate the two most expensive

pipeline stages: (1) BVH Traversal, locating potential intersecting

primitives, and (2) Ray-Geometry Intersection, calculating the exact

hit point. By o�oading these tasks from general-purpose Stream-

ing Multiprocessors (SMs), RT cores achieve orders-of-magnitude

speedups over software implementations [9].

While originally designed for photorealistic rendering, the fun-

damental operation performed by RT cores, i.e., �nding the in-

tersection between a ray and a geometric primitive, is similar to

many common spatial search problems. Recent research has demon-

strated the e�cacy of repurposing this hardware for non-rendering

workloads, such as serving as an index for relational databases

[26], database scan [41, 62], nearest neighbor search [43, 45, 83],

matrix-multiplication [80], and spatial queries [18, 19].

Most research on RT core repurposing relies on Ray-Axis Aligned

Bounding Box (AABB) intersection tests. As shown in Figure 3(a),

a ray is a half-line originating at point $ with direction vector 3⃗ ,

parameterized by C . There are two intersection cases. Case 1: $ is

outside the AABB, but the ray hits its boundary. Case 2: $ is within

the AABB, regardless of boundary hits. Mapping search problems

to ray tracing leverages the optimized BVH traversal of RT cores,

achieving signi�cant speedups over conventional methods. To ex-

ploit RT cores, developers can use NVIDIA OptiX [52], a specialized

framework built on the CUDA ecosystem. Within this pipeline,

users implement programmable shaders: the AnyHit shader han-

dles each potential ray-geometry intersection, while the ClosestHit

shader is triggered by the intersection nearest to the ray origin.

2.3 Spatial Query by Ray Tracing

As mentioned in §2.1, the execution of the spatial join consists of

the �lter and re�nement stages. They are both amenable to the RT

acceleration, as demonstrated in previous research works, LibRTS

[19] and RayJoin [18], respectively.

LibRTS introduces a novel approach to accelerate point and range

queries in the �lter stage by repurposing RT cores. Speci�cally, it

maps a point query to a ray-box intersection test with Case 2, where

the query point serves as the ray origin. As shown in Figure 3(c), we

cast short rays from points %1 and %2 to identify their intersections.

RT cores will traverse the BVH guided by the rays and report

intersections to SMs. As a result, %1 hits the boundary (Case 1) but

is not within the box, so it is �ltered out. %2 is within the box and is

included in the query results. For the range query, LibRTS employs

a dual-pass strategy based on box-diagonal intersection tests (Case

1). This involves a “forward pass” that casts rays along query box

diagonals against the BVH, followed by a “backward pass” that casts

anti-diagonal rays to capture symmetric overlapping conditions.

As shown in Figure 3(d), if boxes '1 and (1 intersect, one box’s

diagonal or anti-diagonal must intersect the other box. Simulating

these (anti-)diagonals with rays allows the �xed-function RT cores

to handle the computationally intensive tree traversal, signi�cantly

outperforming software-based indexing on CUDA cores.

While LibRTS optimizes the �lter stage, RayJoin leverages RT

cores to accelerate the computationally demanding re�nement

stage, speci�cally targeting Line Segment Intersection (LSI) and

Point-in-Polygon (PIP) queries. RayJoin repurposes the RT render-

ing pipeline to map spatial joins to segment-segment intersections.

For LSI, the framework utilizes the AnyHit shader to identify all

intersecting segments. For the PIP query, RayJoin decomposes poly-

gons into separated line segments with neighboring information,

e�ectively casting it as a Point Location problem [17, 42]. RayJoin

formulates this by casting a ray from the query point and using

the ClosestHit shader to identify the closest line segment to the

ray origin. By determining the orientation or relationship of this

closest segment, RayJoin e�ciently leverages the hardware’s native

intersection searching capabilities to accelerate the query.

3 RAYBOOSTER OVERVIEW

RayBooster is essentially an alternative physical plan implemen-

tation for SedonaDB, which employs a three-layer architecture:

the Storage Layer, the Indexing Layer, and the Re�nement Layer,

as illustrated in Figure 4. The work�ow begins with a CPU-based

ParallelWKBLoader that parses WKBs in Arrow arrays from a spa-

tial join. The Storage Layer transforms these into a GPU-optimized

representation (§4.1) while dynamically classifying queries as ei-

ther point-only or range queries based on their geometric extents.

The Indexing Layer then dispatches these queries to specialized RT

shaders, which are executed by OptiX. These shaders cast geometry-

speci�c rays that traverse the BVH tree on RT cores to identify

spatially intersecting candidate pairs (§5).

Figure 4: Architecture of RayBooster. Both �ltering and re-

�nement are o�loaded to RT cores.

Because MBR intersections do not guarantee satisfaction of the

spatial predicate, the re�nement layer is necessary to eliminate

false positives. RayBooster adopts a dual-path re�nement strategy

to ensure comprehensive operator coverage. An RT-based re�ner

processes computationally heavy, ubiquitous operators (e.g., PIP),

while a standard CUDA-based re�ner acts as a fallback for simpler

or less common predicates. This design provides immediate system

completeness for SedonaDB while facilitating the incremental tran-

sition of all operators to the RT pipeline. The �nal output—the IDs

of veri�ed, intersecting geometries—is then passed to the upper

execution engines. We detail the re�nement stage in §6.

4 GPU-FRIENDLY STORAGE FORMAT

4.1 Storage Format

Geometry data is inherently hierarchical. As shown in Figure 5(a), a

MultiPolygon array contains multiple features1, each comprising

1A feature refers to a geometry object in a database record, such as a Point or
MultiPolygon.
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Figure 5: (a-b) shows a MultiPolygon array and its in-memory storage format; (c) shows a uni�ed GeometryCollection array

that can contain any type of geometries

various Polygon parts with an exterior ring and optional interior

rings (holes). To store these in contiguous memory space, we use

hierarchical o�set arrays to navigate from features to parts, rings,

and vertices. Vertices are stored in an ordered double2 array to

exploit vectorized LD/ST instructions. Figure 5(b) illustrates this

using Feature, Part, and Ring O�set arrays.

Algorithm 1: Retrieve Feature 8 from MultiPolygonArray

Input :Feature index 8 ; O�set Arrays$� ,$% ,$' ; Vertex Array+
Output :Set of rings (vertices) belonging to Feature 8

/* Step 1: Identify range of Parts for Feature 8 */

1 ?BC0AC ← $� [8 ], ?4=3 ← $� [8 + 1];

/* Step 2: Iterate over all Parts */

2 for 9 ← ?BC0AC to ?4=3 − 1 do
/* Identify range of Rings for Part 9 */

3 ABC0AC ← $% [ 9 ], A4=3 ← $% [ 9 + 1];

/* Step 3: Iterate over all Rings */

4 for : ← ABC0AC to A4=3 − 1 do
/* Identify range of Vertices for Ring : */

5 EBC0AC ← $' [: ], E4=3 ← $' [: + 1];

/* Step 4: Access contiguous vertex data */

6 '8=6← + [EBC0AC . . . E4=3 − 1];

7 Process('8=6);

8 end

9 end

Given a feature ID, we can directly access its parts, rings, and

vertices using the o�set arrays. Algorithm 1 outlines this hierarchi-

cal retrieval process, with Figure 5(b) providing concrete values. For

instance, to retrieve Feature 0, we �rst consult the Feature O�set

array ($� ). The range [$� [0],$� [1]) yields the start (?BC0AC = 0)

and end (?4=3 = 2) indices in the Part O�set array ($% ), indicating

that Feature 0 comprises two parts. We iterate through these parts

(Line 3). For Part 0, the range [$% [0],$% [1]) in the Ring O�set

array ($' ) reveals a single ring (Ring 0) spanning vertex indices

[0, 3). For Part 1, the range [$% [1],$% [2]) identi�es two rings:

Ring 1 bounded by [1, 2) in$' (yielding vertex indices [3, 9)), and

Ring 2 bounded by [2, 3) in $' with vertex indices [9, 13).

This design natively supports an array of MultiPolygon geome-

tries, as well as mixed collections of Polygon and MultiPolygon

objects (where Polygon is treated as a single-part MultiPolygon).

Similarly, we also provided LineString and MultiLineString

arrays, which require fewer o�set layers. GeometryCollection

serves as a heterogeneous container for any geometry type. De-

spite its complexity, we represent it using hierarchical o�set arrays.

As depicted in Figure 5(c), this format introduces an additional layer

tracking the speci�c geometry type and o�sets for each part.

4.2 High-performance WKB Loader

Converting WKB arrays into our GPU-friendly format poses a sig-

ni�cant bottleneck due to the massive volume and irregular layout

of real-world spatial data. A single WKB array might mix simple

geometries with complex anomalies containing millions of vertices.

Given this severe irregularity, RayBooster delegates this conversion

to the CPU via the ParallelWKBLoader, leveraging the CPU’s e�-

ciency in handling complex, branch-heavy parsing. During loading,

we employ a two-pass scanning strategy to collect metadata, further

improving overall e�ciency and resource utilization.

In the �rst pass, a TypeAnalyzer scans the data to identify

unique geometry types and infers the least generic type capable of

representing the entire array (analogous to type upcasting), thereby

minimizing representation overhead. The capacities of o�set con-

tainers are also approximated using the number of bytes of WKBs.

With this information, we can pre-allocate o�set arrays without

su�ering from resizing overheads. Since we only read metadata of

WKBs in this pass, it is very lightweight and fast.

The second pass is where the data conversion and loading hap-

pen. The WKB array is partitioned into chunks and distributed

across a ThreadPool to eliminate thread-creation overhead during

repeated spatial joins. Each thread will parse the chunked WKBs

and count the number of parts, rings, and vertices. Then, a GPU-

based inclusive_scan is used to create the o�set arrays.

To mitigate straggler e�ects from irregular data, a load-aware

TransferManager handles chunk sizing. Rather than splitting by

element count, it calculates a byte-size pre�x sum array and uses

binary search to �nd optimal split points, ensuring threads process

equal byte volumes. To prevent OOM errors during data loading, it

dynamically sizes chunks based on available memory space.

5 FILTERINGWITH RT CORES

The goal of the �lter stage in spatial joins is to identify candidate

pairs whose MBRs overlap. While conventional �ltering relies on

software-based spatial indices such as R-trees, RayBooster achieves

high throughput by leveraging a hardware-accelerated BVH. In a



typical two-way spatial join, the smaller table is designated the

build side, while the larger one is designated the probe side (§2.1).

Depending on whether the geometry has a spatial extent (e.g.,

Polygon vs Point), RayBooster employs di�erent techniques for

index construction and querying.

Figure 6 shows the entire work�ow of the �ltering pipeline.

The process begins by constructing a BVH over the build side’s

MBRs (Step 1○). Subsequently, the probe side issues parallel queries

against the BVH (Step 2○). These queries are dynamically classi�ed

as either point queries (§5.2) or range queries (§5.3) based on their

geometric properties. Probe geometries without spatial extent trig-

ger point queries, whereas those with extent trigger range queries

(§2.3). The resulting intersecting pairs are immediately �ushed to

an IntersectionBuffer (Step 3○), implemented as a concurrent,

append-only queue. We elaborate on the details below.

① ②

③

Figure 6: Filter stage of spatial join by ray-tracing

5.1 Build the BVH

Indexing MBRs. For geometries with a spatial extent, we com-

pute a tightly enclosing 2-D MBR to serve as a computationally

inexpensive approximation for the intersection tests. Each MBR is

mapped to a 3-D OptiX AABB by setting the z-axis to zero. This

array of AABBs is then fed to the NVIDIA OptiX engine to con-

struct the hardware-accelerated BVH2. OptiX exposes several build

con�gurations, allowing developers to trade construction cost for

traversal performance or memory compaction. By default, Ray-

Booster is tuned for maximum query performance and minimal

memory footprint, incurring only a minor compaction overhead.

However, users retain the �exibility to override these defaults via a

SET statement prior to executing their SQL queries.

Indexing Points. Because the OptiX does not natively support

indexing points, we must circumvent this limitation to index zero-

extent points. We use an AABB to enclose multiple spatial proximal

points while curtailing dead space to reduce false positives. Ray-

Booster �rst spatially clusters the points using a space-�lling curve.

An AABB is then generated to tightly enclose a cluster of spatially

proximal points. This strategic grouping drastically reduces the

overall index size and improves query performance.

2The BVH construction is executed on CUDA cores, whereas the subsequent traversal
is accelerated by RT cores.

Addressing Precision Limitations. A critical systems chal-

lenge arises from the precision limitation of ray-tracing frame-

works. Operations in OptiX are strictly limited to FP32 precision

[29], whereas robust geospatial databases mandate FP64 precision.

Relying solely on FP32 can lead to false negatives and missed inter-

sections. To address this issue, RayBooster adopts the “Conservative

Representation” technique introduced in RayJoin [18]. This tech-

nique creates a just-big-enough AABB in FP32 that encloses the

MBR in FP64, guaranteeing no loss of valid candidate pairs.

5.2 Point Query

RT-based point querying relies on the ray-box intersection test,

where each query point is modeled as a short ray (§2.3). Upon

constructing the BVH, we cast short rays from the probe points.

Each intersected AABB will be returned to SMs by RT cores. We

subsequently retrieve their original MBRs with the AABB IDs, and

perform an FP64 intersection test against the query point. Figure 6

demonstrates the above process, where &1 and &2 represent query

points. We cast rays from the points as origins against the build-

side BVH. The hardware traversal begins at the root node (Node 1),

navigates through the internal node (Node 2), and terminates at the

leaf node (Node 4), successfully yielding the candidate intersections

(%1, &1) and (%1, &2). The BVH traversal is conducted on the RT

cores and the intersections can be collected with the AnyHit shader.

5.3 Range Query

Range querying requires a more complex, two-pass diagonal-MBR

intersection test (§2.3). For MBRs on the probe side, we �rst cast

rays along their diagonals against the build-side BVH to identify

intersecting AABBs. Then, a symmetric second pass is executed:

rays are cast along the anti-diagonals of the build-side AABBs

against a BVH for the probe-side. As demonstrated in [19], this dual-

pass ray casting guarantees the identi�cation of all overlapping

MBRs without duplication or omission. &3 in Figure 6 shows the

execution of a range query. This query casts rays along the MBR

diagonal of polygon %4. A ray along the anti-diagonal of %4 is also

cast, but it does not intersect &3. Finally, the identi�ed intersection

(%4, &3) is appended to the intersection bu�er.

6 REFINEMENTWITH RT CORES

6.1 Solving Combinatorial Complexity

In a spatial join, the left and right sides can consist of any of the

seven standard geometry types. When combined with over a dozen

spatial predicates (e.g., Contains, Touches, Crosses), the number

of unique re�nement implementations approaches 500. Hardcod-

ing each combination is tedious, error-prone, and hostile to sys-

tem maintainability. To ensure RelateEngine remains a robust,

maintainable component, we systematically reduce this complexity

across both predicate types and geometry types.

Predicate Reduction.We map the evaluation of spatial pred-

icates to one computation: computing the DE-9IM model. This

matrix-based approach provides a systematic way to resolve the

combinatorial explosion of topological relationships, especially

when dealing with complex or multi-part geometries [14, 60]. This

model is described by a 3× 3matrix that represents the intersection

of the interior (� ), boundary (�), and exterior (�) of two geometries.



The matrix indicates the dimension of the intersection: � (no inter-

section), 0 (point), 1 (line), or 2 (area). Figure 7 shows the matrices

for two Point-Polygon queries and one Polygon-Polygon query.

After computing the DE-9IM model, a spatial predicate is evalu-

ated via a logical AND operation between the predicate’s mask

matrix and the computed matrix. Figure 7(c) shows this for the

ST_Intersect predicate. With the mask, the predicate evaluates

to true if the 2 × 2 top-left elements are not all � .

Geometry Type Reduction. To further reduce combinatorial

complexity, we represent the singular WKB geometry types using

their Multi variants; e.g., a simple Polygon is internally treated as

a MultiPolygon with exactly one part. This aligns with formal spa-

tial data models that generalize topological operations over multi-

component spatial objects rather than treating simple geometries as

isolated special cases [60]. Furthermore, we exploit the symmetric

properties of the DE-9IM model. For example, the re�nement logic

for a MultiPolygon-MultiPoint join can be equivalently derived

from the MultiPoint-MultiPolygon implementation by swapping

the join sides and transposing the matrix.

6.2 Calculating DE-9IM Matrix with RT cores

Calculating the DE-9IM matrix is amenable to RT core acceleration.

By simulating geometric vertices and line segments as strategically

cast rays, RT hardware can evaluate all necessary interior, boundary,

and exterior intersections.
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Figure 7: Demonstration of casting rays to �nd geometry

element intersections and compute the DE-9IM model.

Build BVH. For a given pair of candidate geometries, we con-

struct an index at line-segment level for themore complex geometry

(e.g., having more vertices), designating it the indexed side, while

the other acts as the query side3. We employ an AABB to enclose ad-

jacent line segments 4 on the indexed side. Rays are then cast based

3Note: These designations are localized to the re�nement stage and are distinct from
the term of build and probe sides used in the earlier �lter stage.
4By default, a group of 32 adjacent line segments is enclosed by an AABB to fully
exploit warp-parallelism for computing the AABB corners.

on the speci�c geometry type of the query side. We demonstrate

this below for Point-Polygon and Polygon-Polygon relations.

Example 1: Point-Polygon Evaluation. Figure 7(a) illustrates

the evaluation of a Point-Polygon relationship. For query points,

we cast an in�nite horizontal ray. When the RT core detects a ray-

AABB hit, we visit the enclosed line segments to perform an exact

intersection test. RayBooster utilizes the ray-crossing (even-odd)

algorithm to determine if a point lies within a ring [64]. In the �gure,

rays from both &1 and &2 intersect the exterior ring exactly once

(an odd number), indicating they are inside the outer boundary.

However, robust re�nement requires verifying holes. We need to

recast the ray for &1 to determine whether the ray intersects the

polygon’s interior. Because &1 is found to reside within a hole, it

is correctly classi�ed as being outside the polygon’s interior. As

shown in Figure 7(c), the resulting interior-interior cell for &1 is

labeled � . Conversely, &2 does not intersect any holes. Its interior-

interior intersection is a point, so the value is 0. In RelateEngine,

the degenerated cases, like a point-on-boundary, are also checked

and mapped to the corresponding DE-9IM model.

Example 2: Polygon-Polygon Evaluation. Polygon intersec-

tion testing is decomposed into boundary intersection tests, and

each line segment can be simulated as a ray. As shown in Figure 7(b),

assuming the top-left line segment is the �rst segment of the query

polygon’s exterior ring, we cast rays along that segment’s trajectory.

If no intersection occurs, we proceed to the next segment until a hit

is found. In this example, the interior-interior intersection forms an

area (matrix value 2), the interior-boundary intersections form line

strings (matrix value 1), and the boundary-boundary intersection

results in points (matrix value 0).

In practice, we do not need to calculate every DE-9IM matrix ele-

ment, RelateEngine evaluates core topological relationships (e.g.,

interior-interior) and derives the rest using dimensional invariants.

For instance, given a point and a polygon, the � ∩ � is invariably

2D, and � ∩ � is 1D. The engine only resolves the point’s location:

if inside, � ∩ � = 0� ; if on the edge, � ∩ � = 0� . By populating

the matrix with these deduced states, our uni�ed engine achieves

the same time complexity as dedicated, hardcoded predicates (e.g.,

ST_Intersects). Thus, the overhead of completing the full DE-9IM

matrix via constant-time logical derivations is negligible.

6.3 Monolithic BVH by Z-Stacking

Calculating the intersection matrix via RT cores requires indexing

each individual geometry, meaning a spatial join with millions of

features would require building millions of distinct BVHs. This

per-geometry indexing approach is fatally bottlenecked by GPU

synchronizations and massive BVH construction overheads. To

solve this, we introduce a novel monolithic BVH design achieved

through “Z-Stacking.” Because hardware ray-tracing frameworks

(like OptiX) are natively designed for 3-D space, and geospatial

queries are con�ned to 2-D plane space, the Z-axis is entirely unused.

We can repurpose this spare Z-axis to encode feature IDs 5 and build

a monolithic BVH for all the features. We place the 2-D coordinates

5To avoid FP32 precision limitations on the Z-axis, the original feature IDs are renum-
bered into a compact, zero-based contiguous sequence during BVH construction. This
prevents integer over�ow and guarantees exact ID retrieval without precision loss.
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applying a mask matrix to the intersection matrices.

of each geometry feature onto a distinct X-Y plane, where the Z-

coordinate corresponds to the feature’s unique ID. This allows us

to construct a single BVH for the entire batch of geometries.

Figure 8 illustrates this Z-Stacking technique in action. First,

we extract the unique feature IDs on the indexed side from the

candidate pairs. For example, polygon %1 is mapped to the X-Y

plane at / = 1, while polygon %4 is mapped to the plane at / = 4

(Figure 8(b)). Subsequently, the query-side geometries cast rays

exclusively along their corresponding X-Y planes. As shown in

Figure 8(c), &1 and &2 are constrained to / = 1, while &3 is placed

on the plane with / = 4. &1 and &2 cast horizontal rays to count

intersections with %1. As evaluated previously, &1 falls within a

hole (yielding no interior intersection), while &2 falls within the

valid polygon interior (yielding a 0-dimensional point intersection).

The resulting matrices are shown in Figure 8(d).

6.4 CUDA-based Implementations as Fallback

While mapping re�nement operators to ray-tracing yields immense

performance bene�ts, the engineering e�ort to translate every

query remains substantial. To function immediately as a drop-in

GPU engine, RayBooster’s RelateEngine provides standard CUDA

fallbacks for all operators, while o�ering optimized, RT-accelerated

paths for demanding Point-Polygon (and Multi) PIP queries. This

dual-path architecture ensures immediate usability while lower-

priority operators are incrementally ported.

7 MEMORY MANAGEMENT

7.1 Host Memory Management

Spatial joins require space for intermediate data structures, such as

a spatial index and the geometries produced by the evaluated SQL

expression. RayBooster inherits the robust execution framework

of SedonaDB, which ensures the completion of execution under

a given memory constraint while trying its best to maintain high

performance. SedonaDB may partition the build and probe side

using a KDB-Tree [57] to create balanced partitions, which are then

spilled to disk as Arrow IPC �les with low I/O overhead. SedonaDB

uses DataFusion’s MemoryPool mechanism to request memory al-

location, and RayBooster inherits this mechanism to operate. When

the spatial join’s memory footprint reaches the pool’s con�gured

threshold, further allocations are denied, and SedonaDB will trig-

ger the disk-spilling mechanism. RayBooster bene�ts this spilling

work�ow by replacing the default CPU-based spatial index with an

RT-accelerated spatial index. When a spilled partition is loaded on

demand, the “probe side” data streams through that partition, and

it queries this RT-accelerated index to �nd matching geometries.

7.2 Device Memory Management

Reducing Allocation Overhead. Spatial joins require device

memory allocations for geometries, BVHs, and worklists. Stan-

dard allocation calls (e.g., cudaMalloc and cudaFree) are expen-

sive and cause host-device synchronization stalls [65]. RayBooster

uses the RAPIDS Memory Manager (RMM) to solve this issue

[56]. We use RMM’s coalescing, best-�t pool sub-allocator. All on-

device data structures are wrapped in RMM’s device_uvector and

device_buffer containers to use RMM’s memory allocator. This

approach bypasses cudaMalloc’s synchronization overhead and

leverages the CUDA memory pool APIs for fast memory allocation.

Handling Unpredictable Bu�er Sizes. Memory consumption

during �ltering is highly unpredictable because the exact number

of candidate pairs is unknown. Gauging a safe bu�er size over-

allocates memory, therefore wasting space. To address this issue,

RayBooster adopts a two-pass execution model, including an initial

counting pass followed by a materializing pass. In the counting

pass, we cast rays and count the number of intersections, which is

used to allocate the exact required memory space. In the second

pass, we cast the rays again and store the results in the allocated

bu�er. Since the RT-accelerated index is fast, this two-pass approach

incurs negligible overhead and avoids memory allocation waste,

supporting large queries with the very limited device memory.

Adaptive Chunking. Building the BVH in a single batch may

exhaust device memory. We use adaptive chunking to determine

a safe chunk size based on free memory and the BVH size. Since

RayBooster operates on a pre-allocated memory pool by RMM,

cudaMemGetInfo cannot accurately measure free memory, so we



use RMM’s tracking_resource_adaptor to compute the unused

space in the memory pool, along with unclaimed device memory.

Under Uni�ed Memory Architecture. The newly introduced

NVIDIA DGX Spark [49] may simplify memory management. This

paradigm renders device allocators (RMM) unnecessary, as RT cores

natively access regular pointers without explicit synchronizations.

Hardware-managed page-faulting and large shared memory pools

supersede complex software workarounds for unpredictable bu�er

sizing. Furthermore, out-of-core disk spilling transitions from a

device constraint to a system-wide limit. This architectural shift

abstracts low-level memory orchestration, allowing RayBooster to

e�ciently process irregular spatial workloads while simplifying

software design. Optimizing for DGX Spark remains future work.

8 EVALUATION

8.1 Settings

Baselines. As this paper focuses on single-node OLAP systems,

we exclude distributed frameworks like Apache Sedona. Since Se-

donaDB’s advantages over DuckDB and GeoPandas are established

in §2.1, we omit them. Our primary comparison evaluates SedonaDB

with and without RT-acceleration by RayBooster . To the best of our

knowledge, PG-Strom [30] is the only open-source spatial database

that o�ers GPU acceleration by o�oading spatial indexing and

re�nement to the GPU, but it relies on CUDA rather than RT cores.

Methodology. Historically, the �eld lacked a dedicated bench-

mark for spatial databases until the introduction of SpatialBench

(§8.2), a sub-project under Apache Sedona. It provides a standard-

ized, scalable, and open-source framework tailored for geospatial

analytics. Its unbiased methodology ensures reproducible perfor-

mance comparisons across diverse runtimes and environments.

Metrics.We mainly use running time as the metric for perfor-

mance evaluation. We conduct our experiments with one warmup

iteration followed by �ve additional executions, reporting the aver-

age end-to-end SQL execution time excluding the warmup round. A

roo�ine model could be helpful for analyzing GPU utilization [10].

Unfortunately, the current pro�lers do not expose any performance

counters of RT cores due to their proprietary nature [44].

Hardware. Detailed in Table 1, evaluations are conducted across

a variety of GPU architectures in a workstation, cloud, and the Ohio

Supercomputing Center (OSC). Notably, while the NVIDIA A100

and H100 do not have dedicated RT cores, RayBooster remains

functional on these GPUs via software-emulated BVH traversal

provided by OptiX [48]. With no additional maintenance e�orts, we

can assess performance in both hardware-accelerated and emulated

environments. Without explicitly specifying, we always evaluate

SedonaDB on an AWS m7i.2xlarge instance.

Environment and Con�guration. We install PGStrom v6.1

extension on PostgreSQL 15. To have a fair comparison [54], we set

the PGStrom con�gurations to the values recommended on its o�-

cial website and enable indexes on geometry columns. RayBooster

is a library written in CUDA/C/C++, and it provides a C interface

for interacting with SedonaDB via the Foreign Function Interface

(FFI). We use Rust 1.90.0, CUDA 12, OptiX 8, and RAPIDS 25.12.00.

The only con�guration we tune for RayBooster is the DataFusion

batch size, which is set to 100K for Q2-Q9 and 2M for Q10 and Q11.

Table 1: Hardware speci�cations and pricing.

GPU RT Cores FP64 Perf. VRAM
(Bandwidth)

CPU
(RAM)

Platform /
Unit Price

RTX 3090 2nd Gen (82) 556.0 GFLOPS 24GB
(936 GB/s)

i9-12900
(64GB)

Workstation
–

A10 2nd Gen (72) 976.3 GFLOPS 24GB
(600 GB/s)

8 vCPUs
(32GB)

AWS g5.2xl
$1.21/hr

L4 3rd Gen (60) 473.3 GFLOPS 24GB
(300 GB/s)

8 vCPUs
(32GB)

AWS g6.2xl
$0.98/hr

L40S 3rd Gen (142) 1.43 TFLOPS 48GB
(864 GB/s)

8 vCPUs
(64GB)

AWS g6e.2xl
$2.24/hr

A100 SW Emul. 9.75 TFLOPS 40GB
(1.56 TB/s)

EPYC 7H12
(472GB)

OSC
–

H100 SW Emul. 33.45 TFLOPS 94GB
(3.36 TB/s)

Xeon 8470
(1TB)

OSC
–

8.2 SpatialBench

To evaluate RayBooster under realistic industrial conditions, we

utilize SpatialBench [4], a modern open-source benchmark suite

designed for geospatial SQL. While standard OLAP benchmarks

like TPC-H [69] are industry norms, they lack native geometry

types and fail to adequately evaluate spatial bottlenecks from com-

plex predicates and spatial joins. SpatialBench bridges this gap by

combining a systematic benchmarking methodology with large-

scale urban mobility datasets, such as the NYC Taxi and Limousine

Commission data [46]. The benchmark queries are derived from

real-world WherobotsDB optimization challenges, providing prac-

tical, representative coverage of spatial operations.

Data Model and Generation The benchmark employs an ex-

tended star schema consisting of a Trip fact table (representing

rideshare trajectories with spatial pickup and dropo� coordinates)

and multiple dimension tables, such as Zone (hierarchical adminis-

trative boundaries) and Building (polygon footprints). To re�ect the

natural skew and density variations [32] of real-world geographic

data, the synthetic data generator restricts geometries to continent-

bounded polygons and distributes coordinates using a Hierarchi-

cal Thomas process [67]. This multi-level clustering algorithm re-

alistically mimics multi-scale urban settlement patterns, produc-

ing heavy-tailed distributions of dense city centers surrounded by

sparse rural outliers. This pattern places heavy demands on spatial

indexing and partitioning strategies. We evaluate the systems on

Scale Factors (SF) 1 (1.8GB) and 10 (7.0GB), omitting SF100 (>56GB)

as it exceeds typical single-node capacities.

Query Workload The SpatialBench workload comprises 12

analytical queries (Q1–Q12) that evaluate distinct facets of a spatial

query engine. Since this paper focuses on spatial relational joins

only (§1), we use a subset of SpatialBench, as listed in Table 2.

8.2.1 �ery Characteristics. Queries Q2, Q4, Q6, and Q9 represent

small, latency-sensitive spatial joins, as one of the input relations

contains very few rows after �ltering. In these scenarios, the compu-

tational workload is insu�cient to saturate the GPU. Consequently,

the primary objective is to ensure that o�oading to the GPU does

not introduce performance regressions (e.g., due to data transfer

overhead over PCIe) [38, 39, 76]. Queries Q10 and Q11 are heavy

joins that trigger a large volume of point-in-polygon operations.



Table 2: Relational Spatial Joins from SedonaBench Query

Workload. *: Re�nement stage in Q9 fallbacks to CUDA.

Query Description Spatial Characteristics Scenario

Q2 Count trips starting
within Coconino
County (Arizona)
zone

• Point-in-polygon spatial �ltering
(ST_Intersects)
• Subquery with spatial geometry
selection
• Simple aggregation on spatially
�ltered data

Count all trips
originating within a
speci�c administrative
boundary (county) for
regional transportation
statistics.

Q4 Zone distribution of
top 1000 trips by tip
amount

• Subquery with ordering and limiting;
Aggregation on spatially joined results
• Point-in-polygon spatial join
(ST_Within)
•Multi-step query; spatial �ltering,
and grouping

Analyze the geographic
distribution of
high-value trips (by tip
amount) to understand
premium service areas.

Q6 Zone statistics for
trips within a 50km
radius of Sedona
city center

• Polygon containment check
(ST_Contains)
• Point-in-polygon spatial join
(ST_Within)

Analyze trip patterns
in zones within a
metropolitan area
around a city center.

Q9* Building Con�ation
(duplicate/overlap
detection via
Intersection over
Union (IoU))

• Self-join with spatial intersection
(ST_Intersects); Area calculations
(ST_Area)
• Geometric intersection operations;
Complex geometric ratio calculations

Detect duplicate or
overlapping building
footprints in GIS
datasets to identify
data quality issues.

Q10 Zone statistics for
trips starting within
each zone

• Point-in-polygon spatial join
(ST_Within)
• Aggregation with multiple metrics
• LEFT JOIN on zones with no trips

Analyze trip patterns
and performance
metrics for each
administrative zone.

Q11 Count trips that
cross between
di�erent zones

•Multiple point-in-polygon spatial
joins
• Filtering based on spatial
relationship results

Identify
inter-district/city trips
to analyze
cross-boundary travels.

8.3 Overall Performance

Table 3 summarizes the query results, including (� = 1 and (� =

10. We evaluated PGStrom on a g5.2xlarge instance, a standard

con�guration for GPU-based tasks (e.g., inference) at Wherobots.

Since PGStrom is an extension for the PostGIS OLTP database,

an exact apples-to-apples comparison is di�cult. Therefore, we

followed the SpatialBench methodology by explicitly listing both

querieswithout indexing, indexed queries, and index-building times,

providing readers with a transparent view of overall performance.

8.3.1 �eries with Latency Sensitivity Joins. As listed in Table 2,

queries Q2–Q9 represent latency-sensitive joins. Considering execu-

tion time only, PGStrom demonstrates low latencies due to prebuilt

indexes (e.g., Q6 is under 50ms). However, factoring in index con-

struction time, which can be an order of magnitude longer, erases

this performance edge. Figure 9 shows the execution time break-

down of PGStrom6. We can see that for Q2 and Q4, most of the time

is spent on scanning operations, and the spatial-related functions

are not a bottleneck, while Q9 is bottlenecked by the �lter stage.

SedonaDB overperforms PGStrom due to its in-memory design,

despite building indexes at runtime. When enabling RayBooster ,

execution times are comparable to or slightly faster than SedonaDB

on the CPU across various GPU models. Interestingly, pro�ling

reveals RayBooster also reduces table scanning times, a counterin-

tuitive phenomenon explored in §8.5. These results align with our

expectations. Since SedonaDB is not bottlenecked by these light-

weight queries, enabling RayBooster successfully avoids adding

latency overhead

6We cannot succeed on Q11 with “EXPLAIN ANALYZE” as PGStrom raises errors.

Figure 9: SQL execution breakdown (SF=1) of PGStrom In-

dexed. “Miscs” include sort/group/aggregate operations.

8.3.2 �eries with Heavy Joins. Queries Q10 and Q11 involve com-

putationally heavy joins, which are the cases where RayBooster

excel. As shown in Listing 1, Q11 performs a two-way spatial join

that generates intensive PIP operations, which is the exact workload

that RayBooster o�ers to optimize.

SELECT COUNT (*) AS cross_zone_trip_cnt

FROM trip_geom t

JOIN zone_geom pickup_zone

ON ST_Within(t.pickup_geom , pickup_zone.geom)

JOIN zone_geom dropoff_zone

ON ST_Within(t.dropoff_geom , dropoff_zone.geom)

WHERE pickup_zone.z_zonekey != dropoff_zone.z_zonekey

Listing 1: SQL query of Q11: calculating cross-zone trips.

When SF=1, SedonaDB’s CPU implementation required 7.51s

to execute Q11 on an m7i.2xlarge instance. Enabling RayBooster

reduced this to approximately 2s across all evaluated GPU models.

The fastest execution time for Q11 was 1.61s on an RTX3090, yield-

ing a 4.66× speedup over the CPU baseline. Although the H100

lacks dedicated RT cores, its ultra-high memory bandwidth and

FP64 throughput allow it to marginally outperform most models

equipped with RT cores, especially for large-scale datasets. How-

ever, this advantage is not signi�cant. For instance, the consumer-

grade RTX 3090 completed the query in 6.91 seconds for Q11 when

(� = 10, while H100 took 5.65s, merely 22.3% slower than the

enterprise-grade H100. For Q10, PGStrom took more than 23s for

execution alone, where the majority of time was spent on Figure 9

on the re�nement stage, while SedonaDB’s adaptive join makes it

only take about 5s, which is 4.69× faster. After enabling RayBooster ,

it delivers speedups on Q10 ranging from 2.09× to 3.94× across the

tested GPU models when (� = 1. The advantage of RayBooster is

more obvious for (� = 10, achieving speedups from 4.93× to 9.68×

across all the GPU models. These results con�rm that RayBooster

is an e�ective booster for computationally intensive queries.

8.4 Cost-e�ectiveness

Evaluating raw performance metrics in isolation is insu�cient for

enterprise use cases, where �nancial cost is a critical factor. We

calculate the operational cost of each query by multiplying its ex-

ecution time by the hourly instance rate. AWS is the major cloud

platform atWherobots, so we evaluate RayBooster with various EC2

instances. The CPU baseline (SedonaDB) runs on an m7i.2xlarge in-

stance, priced at $0.4032 USD per hour, which is the major instance

type in our company. Table 1 details the GPU instance types and

their corresponding hourly rates.



Table 3: Average execution times of SpatialBench queries in seconds with standard deviations. “PGStrom Build+Exec.” represents

the average SQL execution times plus the index build-up time on geometry columns used in the corresponding query.

Query SF
PGStrom PGStrom PGStrom

SedonaDB
RayBooster on Various GPUs

Indexed Build + Exec. No Index RTX3090 L4 L40S A10 A100 H100

Q2
1 0.17 ± 0.00 16.69 0.74 ± 0.09 0.33 ± 0.02 0.29 ± 0.01 0.35 ± 0.01 0.35 ± 0.02 0.42 ± 0.01 0.42 ± 0.04 0.27 ± 0.01
10 0.44 ± 0.01 182.63 6.42 ± 0.05 1.50 ± 0.04 1.07 ± 0.02 1.56 ± 0.02 1.59 ± 0.03 1.91 ± 0.03 1.02 ± 0.05 0.78 ± 0.00

Q4
1 0.73 ± 0.00 1.51 35.19 ± 0.11 0.39 ± 0.01 0.30 ± 0.01 0.39 ± 0.02 0.39 ± 0.01 0.56 ± 0.20 0.32 ± 0.01 0.22 ± 0.00
10 6.04 ± 0.01 7.97 105.20 ± 0.34 0.98 ± 0.06 0.74 ± 0.04 1.00 ± 0.01 0.97 ± 0.02 1.33 ± 0.14 0.58 ± 0.08 0.32 ± 0.02

Q6
1 0.01 ± 0.00 17.31 5.67 ± 0.03 0.59 ± 0.01 0.44 ± 0.01 0.62 ± 0.02 0.65 ± 0.03 0.89 ± 0.19 0.59 ± 0.02 0.39 ± 0.01
10 0.04 ± 0.00 184.16 113.65 ± 0.32 2.21 ± 0.02 1.54 ± 0.11 2.35 ± 0.07 2.26 ± 0.06 2.89 ± 0.11 1.55 ± 0.18 0.94 ± 0.02

Q9
1 0.43 ± 0.00 0.48 47.10 ± 0.13 0.02 ± 0.00 0.04 ± 0.02 0.03 ± 0.00 0.03 ± 0.00 0.03 ± 0.00 0.04 ± 0.00 0.03 ± 0.00
10 1.13 ± 0.00 1.32 610.38 ± 1.19 0.07 ± 0.00 0.08 ± 0.01 0.10 ± 0.00 0.10 ± 0.00 0.12 ± 0.00 0.13 ± 0.00 0.10 ± 0.00

Q10
1 23.25 ± 0.53 39.77 Timeout 4.96 ± 0.09 1.26 ± 0.08 1.53 ± 0.04 1.58 ± 0.14 2.40 ± 0.70 2.37 ± 0.23 1.77 ± 0.14
10 112.41 ± 6.46 294.60 Timeout 33.21 ± 0.27 4.03 ± 0.08 5.60 ± 0.17 4.99 ± 0.17 6.95 ± 0.37 5.55 ± 0.41 3.43 ± 0.19

Q11
1 246.24 ± 2.00 247.02 Timeout 7.51 ± 0.12 1.61 ± 0.08 2.01 ± 0.04 1.93 ± 0.03 2.57 ± 0.10 2.07 ± 0.05 1.66 ± 0.04
10 Timeout - Timeout 53.34 ± 0.39 6.91 ± 0.35 10.85 ± 1.20 8.55 ± 0.05 13.52 ± 0.82 7.91 ± 0.18 5.65 ± 0.11

Figure 10(a) illustrates the per-query cost across the CPU and

GPU instances. For latency-sensitive joins (Q2-Q9), the cheapest

GPU instance g6.2xlarge consistently incurs higher costs than the

CPU baseline. However, for computationally heavy joins, GPU

acceleration directly translates into cost savings. For example, ex-

ecuting Q10 (SF=10) on the CPU costs approximately $0.003720

USD, whereas the L4 GPU reduces this to $0.001524 USD, yielding

a 59.02% cost reduction due to a steep 5.93× speedup. Figure 10(b)

aggregates the total execution cost across all queries. The results

demonstrate that the A10 and L4 GPU models deliver overall cost

savings. In contrast, the L40S instance incurs a higher cost than

the CPU baseline due to its steep hourly rate. When factoring in

both the extra costs for small queries and the substantial savings on

heavy joins, RayBooster reduces the total workload cost by 38.11%

when utilizing the L4 GPU.
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Figure 10: Cost-e�ectiveness analysis on di�erent platforms

with SpatialBench (SF=10); (a) log scale, (b) linear scale

8.5 Running Time Analysis

To understand the performance bottlenecks and analyze how Ray-

Booster reduces execution time, we pro�led the query execution.

Figure 11 presents a breakdown of the major execution time com-

ponents for a lightweight query (Q2) and a computationally heavy

query (Q11) on a g6e.2xlarge instance. To observe the execution

behavior and capture true wall-clock time, we set the engine to

use a single partition. Without this setting, the pro�ler reports the

aggregated CPU time across all partitions, which exceeds the actual

wall-clock time. Thus, the absolute execution times in this targeted

analysis di�er from the end-to-end results presented in Table 3.

The Zone table contains highly irregular polygon boundaries rep-

resenting administrative zones. Parsing and processing these com-

plex geometries consumes signi�cant CPU resources in SedonaDB,

extending scan times. Interestingly, although RayBooster targets

spatial joins, upstream scan operations also execute substantially

faster. This could be attributed to the o�oading of computationally

intensive spatial joins to RT cores, which reduces CPU contention,

allowing the CPU to process scans more e�ciently. Consequently,

execution times for both operations are reduced. Isolating the spa-

tial join itself, RayBooster achieves 4.62× and 4.07× speedups for

Q2 and Q11, respectively.

Figure 11: Comparing major time components of CPU and

GPU joins (SF=1, Single Partition, g6e.2xlarge)

Figure 12 details the execution time breakdown of the spatial

join operation. As shown, the re�nement phase consistently domi-

nates execution, consuming over 64% of the time across all queries,

followed by �ltering and WKB conversion. While the conversion

overhead is negligible for lightweight queries such as Q2, Q4, and

Q6, it becomes a signi�cant bottleneck for Q9 due to the large

number of polygons processed on both sides of the join. Further-

more, index construction for the �ltering phase is highly e�cient,

accounting for up to 4.2% of the total time across all queries.

8.6 E�ectiveness of Memory Management

Figure 13(a) shows the performance impact of memory allocation

strategies in RayBooster , comparing the default cudaMalloc against



Figure 12: RayBooster execution time breakdown

an asynchronous memory allocator used for dynamic structures

like the BVH, IntersectionQueue, and temporary storage. The re-

sults indicate that asynchronous memory allocation is consistently

bene�cial, as it avoids unnecessary host-device synchronizations,

yielding a 5% to 36% speedup on the SF=10 dataset. The performance

gains are substantial, particularly for latency-sensitive joins, where

we observe execution time improvements of 36% for Q2 and 27%

for Q6. Furthermore, even for compute-bound queries such as Q10

and Q11, the asynchronous allocator provides notable speedups

of 5% and 6%, respectively. Figure 13(b) illustrates RayBooster’s

spilling behavior under memory constraints ranging from 5GB to

15GB, with Q11 memory-hungry three-table join. At a 5GB limit,

heavy spilling slows execution to 88.93s, over 8× slower than pure

in-memory processing (Table 3). However, performance improves

almost linearly as the budget increases up to 9GB, with spilling re-

lieved. Once the budget exceeds 11GB, it fully supports Q11, yielding

near-in-memory performance. These results con�rm RayBooster’s

robustness in heavily memory-constrained environments.

Figure 13: E�ectiveness of memory optimization strategies

9 RELATED WORK

Repurposing RT Cores Several recent studies have leveraged

RT cores to optimize KNN searches and spatial queries. For instance,

RTNN improves KNN performance through spatial reordering and

query partitioning [83]. TrueKNN supports KNN searches without

a prede�ned radius [45]. JUNO achieves high-dimensional neighbor

searches on RT cores [40]. Arkade [43] adapted KNN to support

non-Euclidean space.

GPU Databases Over the past decade, substantial research into

GPU-accelerated databases has yielded numerous prototypes and

optimization techniques [8, 16, 24, 31, 37, 53, 58, 59, 61, 63, 68, 71,

72, 76, 77, 81]. Although this foundational work has led to the

development of several production-grade GPU databases, native

support for GPU-accelerated spatial queries remains scarce. For

example, while the OLAP database HEAVY.AI [25] supports spatial

operations for massive datasets, it does not o�oad these tasks to the

GPU. RateupDB [36], a full-featured CPU/GPU HTAP system, lacks

spatial querying capabilities. Kinetica [33], a distributed memory-

�rst OLAP database, o�ers GPU acceleration for spatial, but does not

use RT technology. Furthermore, empirical comparisons against it

are precluded by its terms of service. Finally, PG-Strom [30] extends

PostgreSQL with CUDA acceleration, serving as a primary baseline

in our evaluation. RayBooster is the �rst production-level product

that uses RT cores to accelerate spatial queries.

GPU Spatial Data Processing Despite the proliferation of

GPU-accelerated spatial processing research, few solutions are

production-ready. cuSpatial, a spatial processing library within

NVIDIA’s RAPIDS suite [47], uses an octree to index points and

implements PIP operations via a CUDA-based crossing number

algorithm. In contrast, our approach builds a polygon-level index

and uses RT cores to accelerate PIP tests, achieving much faster per-

formance than cuSpatial [18]. Other representative works [5, 70]

include GPP, which o�ers a robust polygon overlay library us-

ing a uniform grid. RasterJoin [15, 79] leverages the conventional

graphics rendering pipeline for spatial aggregation. While these

standalone libraries advance GPU spatial processing, none provide

a native SQL interface for seamless database integration.

Spatial Join Techniques The �ltering stage of spatial joins

can be further improved by using two spatial indices with the syn-

chronized traversal technique [27]. However, it requires accessing

the internal node of a spatial index, and the prohibition of explicit

traversal with RT cores renders this technique unusable. Recently,

Georgiadis et al. introduced a new technique to improve the ef-

�ciency of spatial joins with an intermediate �ltering technique

that utilizes raster interval approximations to deduce topological

relations before evaluating exact geometries [20, 21]. These works

are directly related to this paper.

10 CONCLUSION

Hardware acceleration is essential for spatial database systems

due to their inherently geometric, data-intensive, and real-time

workloads. Motivated by evidence that RT cores provide power-

ful support for geometric computation, we introduce RayBooster ,

the �rst production-grade integration of RT-core acceleration into

SedonaDB. Targeting spatial joins, the dominant execution cost,

we designed system-level mechanisms bridging the architectural

gap between spatial query processing and RT hardware. Fully in-

tegrated into SedonaDB, RayBooster demonstrates up to a 5.93×

performance improvement on SpatialBench while reducing opera-

tional costs by 59.02%. This shows that underutilized RT cores can

be successfully transformed into a highly e�cient, cost-e�ective

engine for large-scale spatial analytics in production systems.
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